Semantic parsing requires training data that is expensive and slow to collect. We apply active learning to both traditional and "overnight" data collection approaches. We show that it is possible to obtain good training hyperparameters from seed data which is only a small fraction of the full dataset. We show that uncertainty sampling based on least confidence score is competitive in traditional data collection but not applicable for overnight collection. We evaluate several active learning strategies for overnight data collection and show that different example selection strategies per domain perform best.
Introduction
Semantic parsing maps a natural language query to a logical form (LF) Collins, 2005, 2007; Haas and Riezler, 2016; Kwiatkowksi et al., 2010) . Producing training data for semantic parsing is slow and costly. Active learning is effective in reducing costly data requirements for many NLP tasks. In this work, we apply active learning to deep semantic parsing and show that we can substantially reduce the data required to achieve state-of-the-art results.
There are two main methods for generating semantic parsing training data. The traditional approach first generates the input natural language utterances and then labels them with output LFs. We show that active learning based on uncertainty sampling works well for this approach.
The "overnight" annotation approach (Wang et al., 2015) generates output LFs from a grammar, and uses crowd workers to paraphrase these LFs into input natural language queries. This approach is faster and cheaper than traditional annotation. However, the difficulty and cost of data generation and validation are still substantial if we need a large amount of data for the system to achieve high accuracy; if the logical forms can express complex combinations of semantic primitives that must be covered; or if the target language is one with relatively few crowd workers.
Applying active learning to the overnight approach is even more compelling, since the unlabelled LFs can be generated essentially for free by a grammar. However, conventional active learning strategies are not compatible with the overnight approach, since the crowd annotators produce inputs (utterances) rather than labels (LFs).
In order to apply active learning to deep semantic parsing, we need a way of selecting hyperparameters without requiring the full training dataset. For optimal performance, we should rerun hyperparameter tuning for each active learning round, but this is prohibitively expensive computationally. We show that hyperparameters selected using a random subset of the data (about 20%) perform almost as well as those from the full set.
Our contributions are (1) a simple hyperparameter selection technique for active learning applied to semantic parsing, and (2) straightforward active learning strategies for both traditional and overnight data collection that significantly reduce data annotation requirements. To the best of our knowledge we are the first to investigate active learning for overnight data collection.
Related work
Sequence-to-sequence models are currently the state-of-the-art for semantic parsing (Jia and Liang, 2016; Dong and Lapata, 2016; Duong et al., 2017) . In this paper, we also exploit a sequenceto-sequence model to minimise the amount of la-belled training data required to achieve state-ofthe-art semantic parsing results.
Active learning has been applied to a variety of machine learning and NLP tasks (Thompson et al., 1999; Tang et al., 2002; Chenguang Wang, 2017) employing various algorithms such as least confidence score (Culotta and McCallum, 2005) , large margin (Settles and Craven, 2008) , entropy based sampling, density weighting method (Settles, 2012) , and reinforcement learning (Fang et al., 2017) . Nevertheless, there has been limited work applying active learning for deep semantic parsing with the exception of Iyer et al. (2017) . Different from conventional active learning, they used crowd workers to select what data to annotate for traditional semantic parsing data collection.
In this paper, we apply active learning for both traditional and overnight data collection with the focus on overnight approach. In addition, a limitation of prior active learning work is that the hyperparameters are usually predefined in some way, mostly from different work on the same or similar dataset, or from the authors experience Fang et al., 2017) . In this paper, we investigate how to efficiently set the hyperparameters for the active learning process.
Base S2S Model
We base our approach on the attentional sequenceto-sequence model (S2S) of Bahdanau et al. (2014) . This attentional model uses a bidirectional recurrent neural network (RNN) to encode a source as a sequence of vectors, which are used by another RNN to generates output. Given the source utterance x = [x 1 , x 2 , ...x n ] and target LF y = [y 1 , y 2 , ...y m ], we train the model to minimize the loss under model parameters ✓.
Additionally, we apply the UNK replacement technique in Duong et al. (2017) , keeping the original sentence in the data. 1
Active learning models
There is a diversity of strategies for active learning. A simple and effective active learning strategy is based on least confidence score (Culotta 1 We call S2S model applied to traditional data collection and overnight data collection as forward S2S and backward S2S respectively. The forward S2S model estimates P(y|x), the backward S2S model estimates P(x|y).
and McCallum, 2005) . This strategy selects utterance x 0 to label from the unlabelled data U x as follows:
where y ⇤ is the most likely output. We found that this least confidence score works well across datasets, even better than more complicated strategies in traditional data collection (described below).
Traditional data collection
In the traditional (forward) approach, we start with the list of unlabelled utterances and an initial seed of utterances paired with LFs. We gradually select utterances to annotate with the aim of maximizing the test score as early as possible. We use forward S2S sentence loss as defined in Equation (1) as the least confidence score measurement (i.e. select the instance with higher loss). The drawback of a least confidence score strategy (and strategies based on other measurements such as large margin), is that they only leverage a single measurement to select utterances (Settles and Craven, 2008) . To combine multiple measurements, we build a classifier to predict if the model will wrongly generate the LF given the utterance, and select those utterances for annotation. The classifier is trained on the data generated by running 5-fold cross validation on annotated data. 2 We exploit various features, including sentence log loss, the margin between the best and second best solutions, source sentence frequency, source encoder last hidden state and target decoder last hidden state (see supplementary material §A.1 for more detail) and various classifier architectures including logistic regression, feedforward networks and multilayer convolutional neural networks. On the development corpus, we observed that the least confidence score works as well as the classifier strategy.
Overnight data collection
In the overnight (backward) approach, we start with the set of all unlabelled LFs (U y ), and an initial randomly-selected seed of LFs paired with utterances (i.e. labelled LFs L y ). The aim is to select LFs for which we should obtain utterances, maximizing the test score as early as possible. In the overnight approach, we can't use the least confidence score (i.e. the forward S2S sentence loss) directly since we can't estimate P(y|x) because we don't know the utterance x. We have to somehow approximate this probability with regard to the performance on test.
A simple strategy is just to apply the backward S2S model and estimate P(x|y), e.g. we select LF y 0 to label from the unlabelled data U y as follows:
Essentially, we train the S2S model to predict the utterance given the LF. The motivation is that if we can reconstruct the utterance from the LF then we could possibly generate LFs from utterances. However, this strategy ignores one important aspect of semantic parsing, which is that LFs are an abstraction of utterances. One utterance is mapped to only one LF, but one LF corresponds to many utterances.
Since the forward S2S loss performs so well, another strategy is to approximate the selections made by this score. We train a linear binary classifier 3 to predict selections, using features which can be computed from LFs only. We extract two set of features from the LF model and the backward S2S model. The LF model is an RNN language model but trained on LFs (Zaremba et al., 2014) . 4 We extract the LF sentence log probability i.e. log P(y), feature from this model. The backward S2S model, as mentioned above, is the model trained to predict an utterance given a LF. We extracted the same set of features as mentioned in §4.1 including LF sentence log loss, margin between best and second best solutions, and LF frequencies.
On the development corpus, we first run one active learning round using forward S2S model sentence loss (i.e. modelling P(y|x)) on the initial annotated data L y . The set of selected LFs based on forward S2S loss will be the positive examples, and all other LFs that are not selected will be the negative examples for training the binary classifier. Our experiments show that the classifier which uses the combination of two features (source LF frequencies and the margin of best and second best solution) are the best predictor of what is selected by forward S2S model log loss (i.e. modelling P(y|x)). It is interesting to see that absolute score of backward S2S model loss is not a good indicator as it is not selected. This may be due to the fact that utterance-LF mapping is oneto-many and the model probability is distributed to all valid output utterances. Hence, low probability is not necessary an indicator of bad prediction. We use the linear combination of the two features mentioned above with the weights from the binary classifier as a means of selecting the LF for overnight active learning on different corpora without retraining the classifier.
Experiment

Datasets
We experiment with the NLMaps corpus (Haas and Riezler, 2016) which was collected using the traditional approach. We tokenize following Kočiský et al. (2016) . We also experiment with the Social Network corpus from the Overnight dataset (Wang et al., 2015) (which was collected using the overnight approach). Social Network was chosen as being the largest dataset available. Since neither corpora have a separate development set, we use 10% of the training set as development data for early stopping. We select ATIS (Zettlemoyer and Collins, 2007) as our development corpus for all feature selection and experiments with classifiers in §4.1 and §4.2.
For evaluation, we use full LF exact match accuracy for all experiments (Kočiský et al., 2016) . Note that this is a much stricter evaluation compared with running through database evaluator as in Wang et al. (2015) .
Hyperparameter tuning
Hyperparameter tuning is important for good performance. We tune the base S2S model ( §3) on the development data by generating 100 configurations using Adam optimizer (Kingma and Ba, 2014) and a permutation of different source and target RNN sizes, RNN cell types, initializer, dropout rates and mini-batch sizes.
As mentioned, hyperparameter tuning is often overlooked in active learning. The common approach is just to use the configuration from a similar problem, from prior work on the same dataset, Figure 1: Active learning for various selection criteria. Random baseline randomly select the training data at each round. Fw S2S is used for traditional data collection using forward S2S loss score. Bw S2S is used for overnight data collection using backward S2S loss score. Bw classifier is used also for the overnight approach but linearly combines several scores together as mentioned in §4.2. The scores in parentheses measure the area under the curve. The dashed lines are the SOTA from (Duong et al., 2017) and Social Network (Jia and Liang, 2016) are provided for reference. 5 or based on the authors own experience. However, in practice we don't have any prior work to copy the configuration from. Table 1 shows the experiments with the NLMap and Social Network corpora with configurations: 1) copied from another dataset (ATIS), 2) tuned on a small subset (10% of train data plus development data) and 3) tuned on the full dataset. We can see that copying from a different dataset results in a suboptimal solution, which is expected since the different datasets are significantly different. It is surprising that tuning on small subset of the data performs as well as tuning on all the data and, more importantly, it achieves similar results as the state of the art (SOTA). Figure 1 shows the active learning curve for NLMap, ATIS and Overnight (Social Network) datasets. 10% of data is randomly selected as initial seed data for active learning and hyperparameter tuning. We run active learning for 10 rounds, selecting 10% of the data at each round. Round 0 reports the result trained on the initial seed data and round 9 is the result on the whole training data. For reference, we also report Fw S2S for Social Network, treating that corpus as if they were collected using the traditional approach, and Bw S2S/classifier for NLMap and ATIS treating those corpora as if they were collected using the overnight approach. For traditional data collection (forward direction), S2S loss consistently outperforms the random baselines on both datasets. The differences are as high as 9% for NLMap (at round 4). Applying this strategy for ATIS, we reach SOTA results at round 4, using only 50% of data. We also experimented with the large margin baseline and classifier strategies as mentioned in §4.1. The least confidence strategy using S2S loss outperforms large margin and achieves similar performance with the more complicated classifier strategy, thus we omit those results for brevity.
Active Learning Results
On the overnight data collection active learning (backward direction), the results are split. The backward S2S loss performs particularly well on the NLMap corpus, approximating the forward S2S performance. However, it performs similar to the random baseline in the other corpora. On the other hand, the classifier strategy performs well on both ATIS and Social Network but poorly on NLMap. Using this strategy, we approximate the SOTA for both ATIS and Social Network at round 5 and 6 respectively (saving 40% and 30% of data). We suspect that backward S2S loss performs so well on NLMap since there is a one-toone mapping between utterance and LF. The number of unique LFs in the training data for NLMap, ATIS and Overnight are 95.4%, 28.4% and 19.5% respectively. All in all, our proposed strategies for "overnight" active learning are nearly as good as traditional active learning, showing in similar area under the curve value in Figure 1 .
Conclusion
We have discussed practical active learning for deep semantic parsing. We have empirically shown that it is possible to get good hyperparameters from only a small subset of annotated data. We applied active learning for both traditional and overnight semantic parsing data collection. For traditional data collection, we show that least confidence score based on S2S log loss performs well across datasets. Applying active learning for overnight data collection is challenging, and the best performing strategy depends on the domain. We recommend that applications explore both the backward S2S and classifier strategies.
